The efficacy of treatments for depression is often measured by comparing observed total scores on self-report inventories, in both clinical practice and research. However, the occurrence of response shifts (changes in subjects' values, or their standards for measurement) may limit the validity of such comparisons. As most psychological treatments for depression are aimed at changing patients' values and frame of reference, response shifts are likely to occur over the course of such treatments. In this article, we tested whether response shifts occurred over the course of treatment in an influential randomized clinical trial. Using confirmatory factor analysis, measurement models underlying item scores on the Beck Depression Inventory (Beck & Beamesderfer, 1974) of the National Institute of Mental Health Treatment of Depression Collaborative Research Program (Elkin, Parloff, Hadley, & Autry, 1985) were analyzed. Compared with before treatment, after-treatment item scores appeared to overestimate depressive symptomatology, measurement errors were smaller, and correlations between constructs were stronger. These findings indicate a response shift, in the sense that participants seem to get better at assessing their level of depressive symptomatology. Comparing measurement models of patients receiving psychotherapy and medication suggested that the aforementioned effects were more apparent in the psychotherapy groups. Consequently, comparisons of observed total scores on self-report inventories may yield confounded measures of treatment efficacy.
Assessment of Change
Self-report instruments like the Beck Depression Inventory (BDI; Beck, Ward, Mendelson, Mock, & Erbaugh, 1961) are often used to measure depression in mental health practice and research. In these instances, the total score is taken as a measure of the construct of interest, in this case, depression severity. A single score may be used to measure depression severity, for example, to assess whether a patient is eligible for psychotherapy. But in many cases, scores are compared, either over time or between groups. For example, in clinical practice, treatment outcomes may be assessed at regular time intervals by means of routine outcome monitoring (ROM; e.g., De Beurs et al., 2011; Lambert, Hansen, & Finch, 2001) . In ROM, the same self-report instruments are administered at fixed time intervals over the course of treatment, informing therapists and patients about increases or declines in depression scores. Group comparisons are made, for example, in a randomized clinical trial (RCT), in which the effect of therapies are assessed by calculating the difference between the mean total scores of the experimental group and the control group. Often, analysis of covariance (ANCOVA) is applied, in which posttreatment group means are compared after adjusting for differences in pretreatment means. All of these comparisons rely on observed scores, which are taken as a measure of the construct of interest. Therefore, it is assumed that raw score differences between groups, or over time, indicate differences in true scores on the construct of interest.
Self-reports, however, are subjective measures by nature. The interpretation of self-report items and response categories may vary between persons, between groups, or over time. They are not objective, directly observable outcomes like the number of cigarettes smoked, or the number of pounds gained in weight. Moreover, interpretation of self-report items may change considerably in the course of treatment. Patients' standards (e.g., what is "normal"), their understanding of which behaviors and symptoms constitute depression, or their awareness of these behaviors and symptoms may change. For instance, for many modern psychotherapies for depression, treatment guidelines stress the importance of providing the patient with psychoeducation (e.g., Beck, 1979; Klerman, Weissman, Rounsaville, & Chevron, 1984) . In the initial sessions, the therapist will explain what depression is and that many of the symptoms a patient is suffering from are part of depression. This could change patients' concept of the disorder and the way they view their symptoms. In turn, this may influence the way in which patients respond to self-report items, posing a potential problem for comparing observed preand posttreatment scores. In contrast, such changes may not occur among patients solely taking antidepressant medication, so comparisons of observed scores between different treatment groups may be confounded as well.
To allow for valid comparisons of observed scores, it has to be ascertained that these scores represent the construct of interest in the same way, and are not confounded by response shifts: changes in subjects' standards of measurement. If observed scores are confounded, they may offer very limited insight into the true progress patients make, or the relative efficacy of treatments for depression. In clinical practice, for example, this may mean that a ROM assessment indicates a deterioration, while a patient is actually improving. Or in a clinical trial, invalid conclusions may be drawn about the relative efficacy of treatments.
Whereas the importance of response shifts has been recognized in other fields of psychology (e.g., Ahmed, Bourbeau, Maltais, & Mansour, 2009; Ahmed et al., 2005; Golembiewski, Billingsley, & Yeager, 1976; Norman & Parker, 1996; Oort, 2005; Schaubroeck & Green, 1989; Schmitt, 1982; Vandenberg & Self, 1993) , the topic of response shift has, to our knowledge, been largely absent in mental health literature. Because response shifts pose a potential threat to the validity of test score comparisons, studying response shifts within a mental health context seems crucial. Therefore, the current study has two aims: first, to draw to attention the subject of response shift in mental health research and, second, to study potential response shifts in self-report data of an influential clinical trial.
In what follows, we provide an example by analysis of BDI scores from the National Institute of Mental Health (NIMH) Treatment of Depression Collaborative Research Program (TDCRP; Elkin, Parloff, Hadley, & Autry, 1985; Elkin et al., 1989) . The NIMH TDCRP has been very influential in depression treatment research, and in the development of treatment guidelines. The results of the study are included in meta-analyses up to date (e.g., Cuijpers et al., 2011) , and GoogleScholar reported over 2,000 citations (March 2012). The NIMH TDCRP was aimed at establishing the relative efficacy of two psycho-and two pharmacotherapies for depression: cognitive behavioral therapy (CBT), interpersonal psychotherapy (IPT), the tricyclic antidepressant Imipramine, and placebo pills. The study was very carefully designed and adequately powered (Elkin et al., 1985) . With a sample size of nearly 250 subjects, it is one of the largest studies in depression treatment research. Data on the BDI are used, as it is one of the most widely used self-report instruments to measure depression (Beck, Steer, & Garbin, 1988; Shafer, 2006) . To clarify the theory and rationale of the methods applied in this article, a typology of change and the related concept of measurement invariance are discussed first.
Response Shift and Measurement Invariance
In their classic article on measurement of change, Golembiewski et al. (1976) introduced a distinction between the measurement of real change and measurements that are confounded by changes in the subject's frame of reference. For example, measurements can be confounded by a recalibration of the scales used to measure a construct, or a redefinition of the construct being measured may occur (see also Oort, 2005) . Whereas Golembiewski et al. (1976) used exploratory factor analysis to study shifts in subjects' frame of reference in the course of an intervention, most authors since have made use of confirmatory factor analysis (CFA; e.g., Millsap & Hartog, 1988; Oort, 2005; Schmitt, 1982) .
CFA allows researchers to test whether the parameters of a hypothesized factor model are equal across populations. In a series of nested CFA models, equality restrictions on items' factor loadings, intercepts, and residual variances can be applied in order to test for their equality. This broad area of research is usually referred to as measurement invariance (MI; Millsap, 2011) . Vandenberg and Lance (2000) provide a thorough review of practices in studying MI. In most cases, MI is studied across groups, for example, in cross-cultural research, to compare measurement models of questionnaires across countries (e.g., Zhang et al., 2011) . By contrast, MI can be studied longitudinally as well, to compare measurement models in the same sample across time points (Vandenberg & Lance, 2000) . Longitudinal MI can be used as a framework to study and test the occurrence of response shifts: When a response shift has occurred, measurement models are expected to differ between time points (Oort, 2005) .
Although several other interpretations for differences found in factorial models across occasions have been proposed (Golembiewski et al., 1976; Millsap & Hartog, 1988; Schmitt, 1982) , we limit our discussion to Oort's (2005) . In this operationalization, different salient loadings across measurements indicate a redefinition, or reconceptualization, of the construct of interest. Differences in the sizes of factor loadings indicate a reprioritization, which means that some items have become more (or less) important to the measurement of the construct of interest. Differences in item intercepts indicate uniform recalibration: a recalibration of the item scale, which influences all response options within an item, and all subjects to the same extent and in the same direction. When there is a recalibration of the item scale, but this recalibration differs in extent or direction across subjects, or response options within an item, the recalibration is called nonuniform. Nonuniform recalibration is indicated by differences in residual variances. Finally, differences in factor correlations across time signifies a reconceptualization or reprioritization at a higher level (Oort, 2005) . The procedure to test whether loadings, intercepts, and residual variances vary over measurement occasions is further explained in the Method section.
In the current study, we test the occurrence of response shifts over the course of the NIMH TDCRP by comparing the measurement models underlying pre-and posttreatment BDI scores. In addition, we compare measurement models underlying the posttreatment scores of the psycho-and pharmacotherapy groups to see whether a potential response shift can be (partly) attributed to psychotherapy. This allows us to test hypotheses on psychometric properties of an instrument commonly used in clinical practice and to formulate substantive theories about potential lacks of longitudinal invariance.
dropped out (five in the psychotherapy and six in the medication conditions).
Subjects. All subjects in the study were diagnosed with major depressive disorder (MDD), according to Research Diagnostic Criteria (Spitzer, Endicott, & Robins, 1978) . Of the 239 patients who entered treatment, 71 (30%) were male, and 63 (26%) were single. The majority of subjects were White (212, 89%), 21 were Black (9%), and five were Hispanic (2%). One subject did not report his racial or ethnic identity. Average age was 35 years (SD ϭ 8.5). Ninety-six participants (40%) were college graduates, 83 (35%) had had some college education, and 60 (25%) had high school education or less. Most participants (64%) reported to have had at least one previous episode of MDD.
Treatments. Treatments consisted of 16 weeks of CBT (Beck, 1979) , IPT (Klerman et al., 1984) , Imipramine (an antidepressant) plus clinical management (IMI-CM), or placebo plus clinical management (PLA-CM). All treatments consisted of 16 -20 meetings. Duration of psychotherapy sessions was 50 min. Duration of CM sessions was 20 -30 min, with the exception of the initial session, taking 45-60 min.
Outcome. A total of 155 participants completed treatment, resulting in a dropout of 35%. One of the main outcome analyses comprised an ANCOVA on BDI total scores, with pretreatment scores as a covariate, revealing no significant differences between treatment conditions (Elkin et al., 1989) . A recovery analysis indicated no significant differences between treatments either. According to the recovery criterion of a BDI score Յ 9 (Beck & Beamesderfer, 1974; Beck et al., 1988) , 29 subjects (49%) in the CBT, 34 subjects (56%) in the IPT, 30 subjects (53%) in the IMI-CM, and 25 subjects (40%) in the PLA-CM condition were recovered at posttreatment (Elkin et al., 1989) .
Instruments
The BDI (Beck & Beamesderfer, 1974; Beck et al., 1961) was one of the primary outcome measures, administered before, during, and after treatment. The BDI is a 21-item questionnaire designed to measure behavioral symptoms of depression. Items deal with symptoms of depression like mood, sense of failure, crying spells, irritability, and loss of libido. All items consist of four response options, rated 0 -3, indicating increasing severity. Subjects are asked to report the response that most accurately describes their current feelings. In most cases, item scores are summed to a total score ranging from 0 to 63, with higher scores reflecting higher severity of depression. The depressive symptoms covered by the items of the BDI are presented in Table 1 . Satisfactory reliability estimates for BDI total scores have been reported, with average test-retest reliability of .72 and average internal consistency of .84 (Yin & Fan, 2000) .
Although, in general, a total score is used for the BDI, several different factorial structures have been reported in previous studies (Beck et al., 1988; Shafer, 2006) . A two-dimensional model has been found by several authors, with a factor consisting of items covering cognitive symptoms and a factor consisting of items covering somatic symptoms (e.g., Louks, Hayne, & Smith, 1989; Steer, Iguchi, & Platt, 1992) . However, many authors have found a three-factor structure to be the best fitting model, with an additional factor covering performance and motivational difficulties (e.g., Shafer, 2006) .
MI of the BDI between groups has been extensively researched. Although in most cases significant differences in the size of factor loadings were found, the factorial structure underlying the BDI scores was found to be very similar across countries, and across (Schafer, 2002 ). This document is copyrighted by the American Psychological Association or one of its allied publishers.
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gender groups Byrne, Baron, & Balev, 1996; Byrne, Baron, & Campbell, 1993 Byrne, Baron, Larsson, & Melin, 1996; Byrne & Campbell, 1999) . There has been a lack of research on longitudinal MI of the BDI. To our knowledge, only Uher et al. (2008) have studied it in a simultaneous analysis of three rating scales for depression: the Hamilton Depression Rating Scale (Hamilton, 1960) , the MontgomeryÅsberg Depression Rating Scale (Montgomery & Åsberg, 1979) , and the BDI. Testing the longitudinal invariance of the structure of the composite pool of items, they judged the structure to be relatively invariant, but they did report a deterioration of fit for the restriction of metric invariance for the Cognitive factor, which primarily consisted of items of the BDI.
Procedure
Estimation. CFA models with mean structure were run using LISREL 8.71 (Jöreskog & Sörbom, 1996) . Estimation was performed using maximum likelihood (ML). ML was not developed for analysis of ordinal variables, as it assumes a multivariate normal distribution. Alternatively, weighted least squares or robust maximum likelihood estimation may be used. However, these methods require calculation of the asymptotic covariance matrix in LISREL (Jöreskog, 1990) , resulting in listwise deletion of cases with missing values. This is a generally inappropriate approach for dealing with missing data (Graham, 2009) , and would in this case result in the loss of 36% of observations. Furthermore, listwise deletion may result in biased parameter estimates when data are not missing completely at random. At the same time, ML parameter estimates have been found to be trustworthy under conditions of nonnormality (Boomsma & Hoogland, 2001) . As a result, ML was used for model estimation in the current study. To take into account missing data, means and (co)variances were estimated using an expectation-maximization (EM) algorithm implemented in R (R Development Core Team, 2010; Schafer, 2002) , which were subsequently used to estimate the CFA models in LISREL.
In addition to the estimates based on the EM algorithm, means, variances, and reliability estimates based on the incomplete data set are presented. Because the use of alpha as an indicator of how reliable a test score measures one construct has been criticized by several authors (e.g., Hattie, 1985; Revelle & Zinbarg, 2009; Sijtsma, 2009 ), McDonald's h (McDonald, 1999 ) is presented in the Results section as well. McDonald's h provides an estimate of the amount of test score variance attributable to a common factor underlying all item scores.
Tests of MI. By comparing the fit of several nested models, the tenability of equality restrictions on loadings, intercepts, and residual variances can be tested. In this study, the approach recommended by Vandenberg and Lance (2000) was followed by testing the following CFA models consecutively:
1. Configural invariance: equal factor loading patterns across occasions.
2. Metric invariance: equal factor loadings across occasions. 3. Scalar invariance: equal item intercepts across occasions. 4. Uniqueness invariance: equal residual variances across occasions.
A rejection of any of these invariance models indicates a response shift. For interpretation of a lack of invariance, the operationalization by Oort (2005) is used.
To establish a well fitting baseline model, pretreatment (Time 1) data were used as a reference point. Three different factor structures were fitted to the pretreatment data: a one-dimensional model, in which all items within the same measurement occasion load on a single factor, which is implicitly assumed by the use of a total sum score; second, a two-dimensional model, in which the first 14 items loaded on the Cognitive factor, and the seven last items loaded on the Somatic factor (Louks et al., 1989; Steer et al., 1992) ; third, a three-dimensional model, in which Items 1 through 10 and 14 loaded on the Cognitive factor, Items 4, 11 through 13, 15, 17, and 20 loaded on the Performance factor, and Items 16, 18, 19, and 21 loaded on the Somatic factor Byrne & Campbell, 1999) . In both the two-and three-dimensional models, factor covariances were included. After obtaining a well fitting baseline model, the same models were fitted to the posttreatment (Time 2) data set as well. If the model fit for the posttreatment data set was very different from that of the pretreatment data set, this was interpreted as a lack of configural invariance.
Longitudinal invariance. The equality of the parameters of the measurement model across occasions was tested by simultaneous analysis of pre-and posttreatment data sets.
In this longitudinal model, the repeated measurements were taken into account by including residual covariances between the same items over time, following recommendations by Oort (2005) and Vandenberg and Lance (2000) . For the same reason, factor covariances between time points were included in the model. For these analyses, data for all treatment groups were combined, as the measurement model is assumed to be the same in all groups before treatment, due to randomization. If no changes in measurement model occurred of time in any of the treatments groups, we expected to find the same measurement model in the complete posttreatment data set.
Between-group invariance. When full longitudinal MI could not be obtained, we proceeded in an exploratory fashion with a multigroup comparison. In the multigroup comparison, the posttreatment measurement models of the psychotherapy and pharmacotherapy groups were compared, instead of measurement occasions. In this analysis, the data for CBT and IPT groups and the IMI-CM and PLA-CM groups were combined, as the small sample sizes did not allow for separate estimation of measurement models in all four treatment groups. This allowed us to assess whether a potential response shift influenced treatment groups to a different extent.
Model modifications. Modification indices and standardized residuals in LISREL output were studied for improving inadequate model fit, in two ways. First, the baseline model was refined by allowing item residuals to be correlated within time points, for a number of items. Second, when full metric, scalar, or uniqueness invariance could not be obtained, attempts were made to find a well fitting model of partial invariance (Byrne, Shavelson, & Muthén, 1989; Yoon & Millsap, 2007) . Because such post hoc model modifications are susceptible to chance capitalization (MacCallum, Roznowski, & Necowitz, 1992) , to minimize this risk, model modifications were made only when they made sense from a substantive point of view. Only fixed or restricted parameters with modification indices Ն 5 and/or standardized residuals Ն 2 were considered to be released, as suggested by Jöreskog and Sörbom (1996) . All parameter restrictions were lifted one at a time.
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Assessment of model fit. To evaluate model fit, the Minimum Fit Function chi-square and associated degrees of freedom were used to test the null hypothesis that the difference between the population and model parameters equals zero. Because chi-square values tend to increase with sample size and model complexity (Jöreskog & Sörbom, 1996) , significant chi-square values are to be expected for any baseline model incorporating 21 observed variables. However, irrespective of the fit of the initial model, nested models can be compared by means of ⌬ 2 and ⌬df, with a significant ⌬ 2 indicating a significant deterioration of fit (Jöres-kog & Sörbom, 1996; Steiger, Shapiro, & Browne, 1985) .
As recommended by many authors, chi-square criteria were used in conjunction with several other model fit indices (e.g., Chen, Curran, Bollen, Kirby, & Paxton, 2008; Cheung & Rensvold, 2002; Hu & Bentler, 1998) . We used the following indices:
First, the comparative fit index (CFI; Bentler, 1990 ) compares the fit of the fitted model with the fit of an independence model, assuming no relationship between the variables. As a rule of thumb, CFI values of Ն .90 represent acceptable model fit, which was used as a cutoff in the current study. To assess whether there is a substantial difference in fit between two nested models, the difference in CFI values, ⌬CFI, can be used. In the current study, Mead, Johnson, and Braddy's (2008) suggested cutoff of .002 was used.
Second, Aikaike's information criterion (AIC; Akaike, 1987) provides a weighted index of model accuracy and complexity. There is no fixed cutoff value for this criterion, but it can be used to compare models for the same data set: The model with the lowest AIC value is preferred.
The third index is the standardized root-mean-square residual (SRMR). Hu and Bentler (1999) recommended a cutoff value of Յ .08 for adequately fitting models, which was used as a cutoff value in this study.
The fourth index is the root-mean-square rrror of approximation (RMSEA). According to Browne and Cudeck (1993) , RMSEA values of Յ .05 represent good fit, and values Յ .08 represent adequate fit. In addition to the point estimates for RMSEA, 90% confidence intervals are presented as well. However, greater emphasis is placed on the SRMR, as the RMSEA is less preferable with small sample sizes (N Ͻ 250; Hu & Bentler, 1999) .
Note that the cutoffs for RMSEA and CFI used in the current study are more lenient than the widely accepted cutoffs proposed by Hu and Bentler (1999) . As noted by Marsh, Hau, and Wen (2004) , these criteria may be too restrictive for item-level analyses of multifactor instruments. Bollen (1989 , as cited in Marsh et al., 2004 suggested that the value of fit indices reported in practice may be taken into account when evaluating model fit. CFI values failed to exceed the .95 cutoff proposed by Hu and Bentler (1999) in earlier studies on MI of the BDI (Byrne, 1995; . Consequently, a cutoff of .90 was used for CFI in the current study. Earlier studies on MI of the BDI did not report unscaled values for RMSEA.
Results

Descriptives of BDI Scores
Descriptives of item scores are presented in Table 1 . All item score means show a decrease, indicating that, on average, patients improved over the course of treatment. The majority of item variances decreased (see Table 1 ), whereas the sum score variance increased from 60.44 before treatment to 76.96 after treatment, based on the estimates of the EM algorithm. The increased sum score variance indicates that heterogeneity has increased over the course of treatment and that some participants may have benefitted more from treatment than others. Similarly, reliability estimates for the test score increased from pre-to posttreatment: Cronbach's ␣ was .78 at the pretreatment assessment (.70, .51, and .37 
Dimensionality of BDI Scores
The one-, two-, and three-dimensional models were fitted to the pretreatment data set. The resulting fit indices are presented in the upper portion of Table 2 , and estimates for the factor loadings are presented in Table 3 . The one-dimensional model Byrne and Campbell (1999) as well. Including residual variances for these item pairs in the model resulted in an adequate fit for the adjusted three-dimensional model to the pretreatment data, judging by CFI, SRMR, RMSEA, and the best fitting model according to AIC. The same pattern was found for the posttreatment data set (see Table 2 , lower portion), for which the adjusted three-dimensional model showed the best fit as well.
Longitudinal MI Analysis
Tests of invariance. The adjusted three-dimensional model was fitted to pre-and posttreatment data sets simultaneously to test for configural invariance. For this longitudinal model, configural invariance could be obtained, judging by all fit indices (see Table  4 ). All parameters in this model proved meaningful: All variances and factor loadings had positive values, and all factor loadings were significantly different from zero (p Ͻ .05). 14, 7, 8, 3, 9, 17, 6, and 13. d In addition, unequal uniquenesses for all items, except for 11 and 16. This document is copyrighted by the American Psychological Association or one of its allied publishers.
Constraining factor loadings to be equal across occasions resulted in some deterioration of fit (see Table 4 ). The difference in chi-square value was significant, and the ⌬CFI exceeded the cutoff value. By lifting the equality restriction on two loadings (one within the Performance and one within the Somatic factor), a partially metric invariant model could be obtained, which showed adequate fit according to all indices.
Constraining item intercepts of the partial metric invariant model to be equal across occasions resulted in a considerable deterioration of fit (see Table 4 ). ⌬ 2 was significant, ⌬CFI exceeded the cutoff value, and CFI and SRMR indicated inadequate model fit. Equality restrictions of eight item intercepts (six within the Cognitive and two within the Performance factor) needed to be lifted to obtain adequate model fit.
Subsequently, item uniquenesses were constrained to be equal across occasions. This resulted in a considerable deterioration of fit, judging by all fit indices (see Table 4 ). All but two of the items showed initial modification indices Ͼ 5. Releasing equality restrictions on all item uniquenesses, except for these two items, still resulted in a significant deterioration of model fit, judging by ⌬ 2 (see Table 4 ).
Interpretation. The test of configural invariance indicated that the number and content of the concepts constituting depression remained the same, over the course of treatment. Similarly, the test of metric invariance indicated that the factor loadings remained largely the same, too. The tests of scalar invariance indicated considerable changes in item intercepts. Because the number of modifications needed to obtain a model of partial scalar invariance was quite large, parameter estimates of the partially metric invariant model are discussed and presented in Table 5 .
The two noninvariant loadings were smaller after treatment, than before treatment, indicating that the items dealing with fatigability and appetite have become less indicative of the Performance and Somatic factors, respectively. The majority of item intercepts were higher after treatment, indicating a recalibration: After treatment, factor scores are overestimated by item scores, relative to the pretreatment measurements. The only notable exception to this increase was Item 13, dealing with indecisiveness, showing a lower intercept after treatment. As intercept differences were concentrated within the Cognitive factor, this subscale may be affected most by the recalibration. All items showed smaller residual variances after treatment, indicating that measurement errors have become smaller for all items. For the metric invariant items, this means that items have become better indicators of latent traits, after treatment.
Factor (co)variances and correlations of the partial metric invariant model are presented in Table 6 . All factor variances showed an increase, suggesting increased heterogeneity among the participants, after treatment. Furthermore, only the Cognitive factor showed a notable association between time points; all other factor correlations were low. Within time points, factor correlations showed a stronger relationship between latent variables after treatment, which may be interpreted as a reconceptualization: Participants seem to view depression as a more unified concept after treatment.
Exploratory Analysis: Multigroup Comparisons
To further explore whether the differences observed in the longitudinal analysis affected treatment groups to the same extent, an exploratory multigroup analysis of MI was performed. In this multigroup analysis, the measurement models underlying the data sets of the subjects receiving psychotherapy and the subjects taking medication were compared.
Analysis of pretreatment data sets. A multigroup analysis was performed on the pretreatment data sets of both groups, first. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
In an RCT, treatment groups are assumed to be equal before treatment, so any preexisting differences between the two groups can be assumed to reflect random fluctuations. Therefore, fitting restrictions of MI to the pretreatment data sets provides a benchmark for evaluating the relevance of differences found between posttreatment data sets. In the multigroup comparison, the model fitted the pretreatment data well, judging by all fit indices (see Table 7 , upper portion). Applying equality restrictions on loadings, intercepts and residual variances did not influence model fit much. Small decreases in model fit could easily be resolved by lifting equality restrictions on one loading and one intercept. Analysis of posttreatment data sets. A multigroup analysis was performed on the posttreatment data sets of both groups to explore whether differences between the treatment groups arose in the course of treatment. The multigroup configural invariant model did not fit the posttreatment data well, judging by all fit indices (see Table  7 , lower portion).
Applying the restriction of metric invariance to the model significantly deteriorated model fit, judging by both ⌬ 2 and ⌬CFI (see Table 7 , lower portion). Releasing equality restrictions on loadings of two items (one within the Cognitive and one within the Somatic factor) resulted in a nonsignificant deterioration of model fit, compared with the model of configural invariance.
The restriction of scalar invariance significantly deteriorated model fit as well, and lifting equality restrictions for the intercepts of the same items resulted in a nonsignificant deterioration of model fit (see Table 7 , lower portion).
Applying the restriction of uniqueness invariance to the partial scalar invariance model resulted in a substantial deterioration of model fit (see Table 7 , lower portion). Eight equality restrictions on item uniquenesses were lifted to obtain nonsignificant ⌬ 2 and ⌬CFI values: four items within the Cognitive, two items within the Performance, and two items within the Somatic factor.
Interpretation. Analysis of posttreatment data sets showed a number of differences in the measurement models of the psychotherapy and medication groups, after treatment. Because the number of lifted restrictions to obtain partial invariance were large for the uniqueness invariant model only, parameter estimates of the partial scalar invariance model are discussed and presented in Table 8 .
The items for which equality restrictions on loadings and intercepts were lifted did not show the same pattern of freely estimated parameters. The item dealing with self-accusations was more indicative for the Cognitive factor and showed a higher intercept in the medication groups, whereas the item dealing with weight loss has become more indicative for the Somatic factor and had a lower 11, 3, 8, 2, 19, 1. and 4 lifted. This document is copyrighted by the American Psychological Association or one of its allied publishers.
intercept in the psychotherapy groups. These differences are minor and would cancel out in observed test scores. The differences between item residual variances were more substantial. In the partial scalar invariance model, 10 items showed appreciably larger values in the medication groups, whereas only two items showed larger values in the psychotherapy groups. These differences were distributed equally across the three factors. The nine remaining residual variances showed only small differences (Ͻ .05) between the two groups.
In Table 9 , the factor (co)variances and correlations of the partial scalar invariant model are presented. The (co)variances involving the Cognitive factor are about twice as large in the psychotherapy as in the medication groups. In addition, the correlation between the Cognitive and the other two factors is somewhat higher in the psychotherapy groups as well.
These findings indicate that the changes found in the longitudinal model occurred to a greater extent in the psychotherapy groups. Although the differences in loadings and intercepts between the treatment groups were minor, residual variances were evidently smaller and factor correlations somewhat larger in the psychotherapy groups, compared with the groups receiving medication.
Discussion
Summary and Interpretation
In the current study, we investigated whether a response shift has taken place over the course of an RCT of treatments for depression, using a longitudinal CFA model. The longitudinal model showed clear signs of response shifts, and parameter changes were in the same direction for most items. According to the test of metric invariance, two factor loadings were significantly smaller after treatment, relative to the referent items. This minor lack of metric invariance indicates that the relative importance of the items remained largely the same over treatment. The lack of scalar invariance was much more substantial, suggesting uniform recalibration for eight items (Oort, 2005) . This means that posttreatment, observed item scores may overestimate the factor scores, compared with pretreatment. According to the test of uniqueness invariance, all residual variances decreased significantly from pre-to posttreatment. This indicates nonuniform recalibration, which may signify that the distance between some of the response options, as judged by the participants, have changed, but it may also indicate that not all participants have been influenced to the same extent by the response shift (Oort, 2005) .
The increase in factor correlations over the course of treatment indicates an increased coherence of the latent constructs constituting depression. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
Because a lack of MI was found in the longitudinal model, we investigated whether posttreatment data sets of the groups receiving psychotherapy and groups taking pills showed differences in measurement model to see whether the differences could be linked to treatments. The tests of metric and scalar invariance indicated minor differences between the treatment groups. However, the residual variances and factor correlations indicated that the response shift observed in the longitudinal model presented itself more strongly in the psychotherapy groups than in the medication groups.
These findings indicate that participants get better at assessing their levels of depressive symptomatology by means of the BDI, as the majority of factor loadings remained the same, but residual variances decreased. The meaning of the items and response options may have become more clear to the subjects, as they have been educated about depression during treatment. In addition, the strengthening of the relationships between constructs suggests that subjects view depression as a more unified concept after treatment. Finally, the significant increases in some of the item intercepts may indicate that subjects have become more aware of their depressive symptoms.
The aforementioned effects may be the result of psychological treatments for depression, as the psychotherapy groups seem to show this response shift to a larger extent. At the same time, the difference between the medication and psychotherapy groups posttreatment is not as clear and pronounced as the difference between pre-and posttreatment data sets. This may be due to the addition of clinical management to the medication conditions, consisting of weekly half-hour meetings with a psychiatrist. Undoubtedly, subjects have received some psychoeducation during these sessions, which may have elicited changes in standards in these groups as well.
Comparability of Observed Scores
One of the primary reasons for testing MI is to test whether differences in observed scores between groups or measurement occasions provide unambiguous measures of differences in the construct of interest (Horn & McArdle, 1992; Vandenberg & Lance, 2000) . For meaningful comparison of observed group means, full scalar invariance is a prerequisite (Meredith, 1993) . In both the longitudinal and multigroup analysis, full scalar invariance could not be obtained.
According to some authors, full MI is too strict a criterion for comparability of group means (Byrne et al., 1989; Steenkamp & Baumgartner, 1998) . They argue that, in case of partial MI, group means can still be meaningfully compared by means of latent variable methodologies, as long as one item within each factor is invariant, besides the reference item. However, some authors argue that a majority of items within a factor should be invariant for meaningful comparisons (Reise, Widaman, & Pugh, 1993; Vandenberg & Lance, 2000) . In any case, our findings indicate a substantial lack of scalar invariance in the longitudinal model, which should be taken into account by using latent variable methodologies when group means are compared over time. Comparisons involving pre-and posttreatment observed scores, like ANCOVAs applied in many RCTs, may result in biased estimates and invalid conclusions. The multigroup model indicated only two items showing a lack of metric and scalar invariance, indicating that between-group comparisons of observed scores are less problematic.
At the same time, according to Meredith (1993) , uniqueness invariance is a prerequisite for practical use of tests (e.g., ROM). Our results indicate a substantial lack of uniqueness invariance, in both the longitudinal and multigroup analyses. Therefore, the validity of using BDI scores to estimate or compare treatment effects for individuals should be questioned.
Future Research
The current study is the first to study response shifts in mental health research, using the framework of MI. Although our findings indicate that observed scores cannot be taken as straightforward indicators of treatment efficacy, these findings need replication in different samples. Studying measurement models underlying data sets of other RCTs in this area would provide valuable information on the generalizability of our results. If data of clinical trials consistently show signs of response shift, methodological approaches to counter or take into account response shifts could be implemented in RCTs. For example, providing all participants with the same psychoeducational program may result in comparable response shifts across treatments, and posttreatment measurements in the same metric.
Limitations of the current study could be addressed in future research as well. For example, a sample size of 239 subjects did not allow for estimation of longitudinal models in subgroups. Fitting longitudinal models for treatment groups separately would provide insight into changes in measurement models over the course of different treatments. The question of whether our conclusions, based on data analysis, match the experience of study subjects may be addressed in future research as well. Finally, it should be noted that no invariance at any level could be observed in the current study, according to the widely accepted, more stringent cutoffs of .05 for RMSEA and .95 for CFI (Hu & Bentler, 1999) .
In conclusion, our findings indicate that subjects underestimate depressive symptomatology before treatment, compared with after treatment. The item scores of the BDI (and therefore, the BDI total score) become more reliable indicators of depressive symptomatology, and subjects seem to view their symptoms as a more unified concept after treatment. These last two findings may be more evident among subjects receiving psychotherapy, compared with subjects receiving medical treatment.
